In motor skill learning, the greater the dose of training, the greater the efficacy of training, the lower the efficiency of training, and the better the long-term retention.
Introduction
Rehabilitation in the chronic phase after stroke is based on the premise that motor learning determines activity-dependent sensorimotor recovery [1] [2] [3] [4] . Extensive research in motor skill learning 5 has shown that: 1) increasing the amount of training increases efficacy ("practice makes perfect"), 2) increasing the amount and duration of training decrease efficiency ("the power law of practice" 6 ), and 3) increasing the amount of training improves retention following training.
Whether these principles translate to clinical outcomes during and following motor training in stroke survivors, remains unclear for three reasons. First, the effect of increasing the amount of training on clinical outcomes is controversial. While both our recent Dose Optimization for Stroke Evaluation (DOSE) trial and meta-analyses 7, 8 suggest that higher doses lead to greater gains 9 , a recent phase II clinical trial showed no effect of dose on arm function 10 . Second, although studies of motor training after stroke show that most gains in movement performance are achieved in the initial sessions 11, 12 , the changes of efficiency of training with both additional doses and additional bouts of training on clinical outcomes are unknown. Third, retention following motor training in stroke survivors appears highly variable and the reasons for such variability are unclear.
Whereas some studies have shown decay of the gains post-training, as least for subgroups of patients 13 , others have shown that the gains can be maintained after training 11, 14 , yet others have shown that the gains can even further increase following training, possibly through "self-training" if arm use is sufficient 13, [15] [16] [17] Here, we analyzed the changes in the Quality of Movement sub-scale of the Motor Activity Log (henceforth, the MAL) in the DOSE trial 9 , in which participants with chronic stroke were randomized into four dose groups. The total doses (0, 15, 30 and 60 hours) were equally distributed over the three bouts of training, as shown in Figure 1B .
The MAL was collected in 14 longitudinal assessments before and after training in each of the three 1-week training bouts and then monthly for 6 months following the last training bout.
Using linear models, we previously showed that the changes in MAL due to training in DOSE was dose-dependent 9 . While such "fixed" regression models can predict response to interventions or recovery 9, 10, 12 , they cannot simultaneously account for both the changes in outcomes during training (when an increase in performance is expected) and outside of training for individual patients (where either a decrease in performance due to forgetting or an increase in performance due to self-training is expected). Parsing the repeated measure data to test changes during specific periods (i.e. during training or at different times outside of training) increases variability and decreases power. We need methods that simultaneously use all the data available.
Here, we propose a novel, yet rigorous, statistical modeling framework that accounts for the changes in rehabilitation outcomes during and following training simultaneously. The models are inspired by previous models in motor learning and adaptation [18] [19] [20] [21] [22] [23] [24] [25] [26] , in which increases in motor memory are modulated by "learning rate" parameters, and decays in memory are modulated by "retention rate" parameters. Similarly, here, we propose novel piece-wise linear models, in which the increase in MAL during training is modulated by a learning rate parameter and the change in MAL outside of training is modulated by a "retention rate" parameter. In addition, because stroke is characterized by considerable between-subject variability in lesions, recovery, and responsiveness to therapy 27 , subject specific random effects are added to model individual differences in change of performance 28 .
To test for the efficacy, efficiency, and retention of training, the learning and retention parameters are themselves modeled as linear models of experimental variables or participant co-variates, such as the dose of training, the bout of training, time posttraining, and the performance post-training. Testing for significance of the slope of these linear parameter models allowed us to test the following hypotheses, derived from motor learning and stroke research, referenced above: 1) The efficacy of training will increase following larger doses of training. 2) The efficiency of training will decrease with larger doses of training.
3) The efficiency of training will decrease for additional bouts of training. 4) Retention will improve with larger doses. 5) Retention will show an initial fast decay followed by a slower decay. 6) The level of performance after training will modulate retention through "self-training".
Methods

The DOSE clinical trial
Detailed inclusion and exclusion criteria of the DOSE trial are described in 9 . Briefly, participants were included if they were older than 21 years, their score on the impairment UE Fugl-Meyer motor (UEFM) test at baseline was in the 19-60 range out of 66, their cognitive function sufficiently preserved to provide informed consent, and they presented little to no upper extremity sensory impairment or neglect. Each participant signed an informed consent, and the study was approved by the Institutional Review Board of the University of Southern California.
Each of the four doses were distributed over three bouts of training, each separated by 1 month, as shown in Figure 1B . The intervention was based on the Accelerated Skill Acquisition Program (ASAP) 14, 29 . In brief, ASAP includes 1) elements of purposeful and skilled movement execution, including challenging and progressive practice, 2) support for patients' control or autonomy by choices of specific tasks to be practiced, 3) collaborative problem solving to identify and address movement needs, 4) and encouragement of self-direction in extending practice to community contexts.
Each participant underwent 14 clinical assessments, each including the MAL, the Wolf
Motor Function Test (WMFT), and an arm reach performance and choice test, the BART 30 . The assessments were given: 1) twice in the month before training with a twoweek interval to assess baseline values; 2) for each of the three 1-week training bouts, in the morning of the first day of training and within 3 days following training; and 3) monthly for 6 months following the last training bout (see Figure 1 ).
The primary outcome measures in the DOSE trial were the MAL Quality of Movement sub-scale and the WMFT time score. The MAL is a semi-structured interview in which participants are asked to recall and rate the quality of movement of the paretic arm for 28 activities of daily living. It has been used extensively, including in the EXCITE trial, and has good validity and reliability 31 . Here, we analyzed the changes in the MAL Quality of Movement sub-scale, because we previously showed a robust and highly significant dose response for the MAL 9 .
Modeling the changes in the quality of arm movements during, between, and after training bouts
We built several piece-wise linear models, each to test a specific hypothesis. The learning and retention rates were modeled as linear functions of experimental variables and/or between-subject co-variates (see Table 1 ; see Supplementary Methods). Specifically, to assess the efficacy of training with increasing dose, the learning rates were functions of dose; the inputs to the model were step inputs of magnitude equal 1, corresponding to the timing of training ( Figure 1A ; Models 1 in Table 1 ). To assess the efficiency of training with increasing dose, the learning rates were also a function of dose, but the inputs were modeled as step inputs of magnitudes equal to the weekly dose ( Figure 1B Table 1 and Supplementary Methods).
Significance of the fixed slopes for the learning or retention linear models was used to test our hypotheses. Comparison of the fixed effect learning or retention parameters of the categorical models to the linear models helped visualize possible deviation from linearity.
Note that we added 2 hours to the weekly dose in each group to account for the approximate duration of the two sets of assessments (which include WMFT and BART arm reaching and arm choice tests) given immediately before and after each training
week. The weekly doses of training were therefore equal to 2, 7, 12, and 22 hours. To account for the large variability in initial arm and hand use, we modeled MAL as a function of initial MALinit at baseline (median of MAL at 0, 1, and 2 weeks) in all models. Incorporating MALinit as a covariate was significant for all models (p < 0.01). Table 1 ) for all 41 participants over the 37 weeks of the DOSE trial.. The model well accounts for changes in MAL during both training and following training for 40 subjects (one subject exhibited poor fit due to highly variable measured MAL; see third row second column). Figure 2B Further increase in MAL in the months following training for participants with high MAL post-training; and 6) in 0 dose group, increase in MAL during and following training. We confirm these observations in the analyses below using the models of Table 1 .
Results
Qualitative predictions from the best fitting model
Increasing the dose increases the efficacy of training
Increasing the dose of training increases the efficacy of training, as shown by the positive slope between dose and the learning rate in Model 1.1 (Table 1; Figure 3A : slope parameter b.dose = 0.008; p = 0.032; see Supplementary Table 1 for values of additional model parameters). Inspection of the coefficients of the categorical dose Model 1.2 shows that this increase in efficacy is mostly driven by the 60 hour dose (b.dose_hour 60 greater than b.Intercept p = 0.011; see Supplementary Table 1 ). Because the initial MAL is larger in the 30 hour dose groups (ANOVA, p = 0.01, 0 dose 2.68 ± 0.57: ; 15 hour dose 2.89 ± 0.64, 30 hour dose 3.67 ± 0.94 and 60 hour doses 2.84 ± 0.57), participants in this group appeared to have benefited less from training. In addition, note how the 0 hour group shows an increase in the MAL.
Increasing the dose decreases the efficiency of training
We then studied the efficiency of training, that is, the gain in MAL per hour for increasing doses (Models 2 in Table 1 ). As predicted, increasing the dosage of training decreases the efficiency of training, as shown by the negative slope (Model 2.1; Figure   3B ; parameter b.dose = -0.001; p = 0.012). Inspection of the coefficients of the categorical model (See Supplementary Table 2 ) shows that efficiency largely decreases from 0 hour until 30 hours and is then similar for 30 and 60 hours (0 hour group, efficiency per week of training: 0.050, p = 0.002; decrease in efficiency compared to the 0 hour: 30 hours: -0.038, p = 0.019; 60 hour, -0.037 p = 0.022. (Note because we considered that the 0 hour group received 2 hours of motor training, efficiency could be computed for the 0 hour group as well -see above).
Increased training duration decreases the efficiency of training
As was the case for increasing doses, the efficiency of training decreases with the number of additional weeks of training (Model 3.1; Figure 3C ; bt.weeks= -0.013; p < 0.0001, see Supplementary Table 3 ). The categorical model (Model 3.2) shows a more than two-fold reduction in gain for the second week and almost five-fold reduction for the third week compared to the first week (see Supplementary Table 3 ). Interestingly, the b3 coefficient (learning rate for the third week) in the categorical model 3.2 is not significantly different from zero (p = 0.15), showing that across doses, the third bout of training has very little effect on changes in MAL during training (note however that because we did not vary the number of weeks in the DOSE trial, we cannot determine how the third bout influences retention).
Decay following training is fast initially but slows down within 2 months posttraining
In motor learning research, it is commonly observed that forgetting following training is initially fast and then the rate of forgetting gradually declines. We thus developed a model in which retention rates (in units of change of MAL per week) are estimated over three intervals of 2 months each during the six months after training (Model 4 in Table   1 ). Results show that the retention parameter c1 in the 2 months following training is largely negative, but retention is not different from zero in the next two 2-month periods -although there is a non-significant trend upward for the next two months ( Figure 3D ; c1 = -0.025, p = 0.002; c2 = 0.017, p = 0.50; c3 = 0.0001, p = 1 ; see Supplementary Table   4 ).
Retention following training is negatively modulated by the dose of training
Following training, we found an unexpected increase in forgetting for larger doses, as seen by the negative slope between dose and the change in MAL between sessions ( Figure 3E ; Model 5 in Table 1 , parameter c.dose_cont = -0.001; p = 0.01; see Supplementary Table 5 ). The model with categorical doses (Model 5.2 in Table 1) shows that the effect of dose on retention is negative and significantly different from 0 for 30 and 60 hour doses (c.dose_hour30 = -0.015; p = 0.023, c.dose_hour60 = -0.019; p = 0.012), but not for 15 hours (p = 0.28).
Because of the decrease in the MAL following training in the large dose groups, the dose response curve observed during training ( Figure 3A ) does not hold from pre-training to 6 months post-training. Indeed, there is no difference in response across doses in the differences in the initial MAL before training with the last MAL after training (medians of the first three MAL in assessments 1, 2, and 3, and medians of the last three MAL in assessments 12, 13, and 14; ANOVA, p = 0.27).
A threshold determines increase versus decrease in the quality of arm movement following training
As seen above, the higher the dose of training, the more the forgetting overall. However, as we have previously proposed 13, 17 , and as appears to be indicated through visual observation in Figure 2 , higher levels of spontaneous use following training may reduce decay, or even further increase use. Here, we therefore test the hypothesis that retention in the 6 months following training depends on the average MAL MALpost during these 6 months, with greater MAL leading to increased retention. Figure 3F shows that this is indeed the case: retention increases with the average MAL in the six months post training (Model 6.1 slope = 0.0047, p = 0.02; see Supplementary Table 6 ). Because of the negative intercept in the linear model (-0.016, p = 0.019), there is a threshold for spontaneous increase in MAL post training. Thus, on average, across doses, if the MALpost is above a threshold of 3.4 (determined by 0.0047 * MALpost -0.016 = 0; see vertical dashed line, Figure 3F ), the retention parameter is positive, that is, MAL keeps increasing following additional training (besides the additional motor assessments in the 6 month follow-up period).
A model that includes both MALpost and dose on the retention parameter (Model 6.2)
shows that for a smaller dose (0, 15, and 30 hours), the retention parameter is negative for smaller values of MAL post and positive for larger value (see Figure 3F and Supplementary Table 6 ). However, because increasing dose leads to lower retention (see above), the threshold above which the MAL increases following training is dosedependent, with the counter-intuitive results that a smaller average MALpost can be sufficient to increase MAL following training for small doses but not for the largest dose (see Figure 3F ). For instance, for the 15 hour dose, the threshold is approximately 2.5. In contrast, for the 30 hour it is just under 4. For the 60 hour dose, retention is negative for all values of average MAL post. Figure 2B shows such a negative retention parameter for nine participants out of 11 in the 60-hour group.
Discussion
Increasing the efficacy of training ("total gain due to training"), the efficiency of training ("gain per unit time of training"), and the long-term retention ("durability of gains") following motor training after stroke form the cornerstones of neurorehabilitation.
Twenty years ago, Fuhrer and Keith proposed that "the effectiveness and efficiency of learning-oriented practices will likely be enhanced by well-formulated investigations grounded in available learning theory and research" 32 . Here, using a combination of novel piece-wise linear models with mixed effects and a novel rehabilitation practice design, we were able to dissociate the effects of dose and duration of training on the efficacy, efficiency, and retention of neurorehabilitation on arm and hand use.
Our findings show that large doses of practice increase the MAL from pre-to posttraining ( Figure 3A ). This result reproduces the previously reported dose-response relationship for the MAL in the DOSE trial, which was only determined from the changes due to the three bouts of training 9 . Here, fitting mixed-effects piece-wise models that include all the data, in particular the 1-month wait periods between the training bouts, the learning rates of the model represent the gain in MAL per week during training. Thus, the dose versus learning rates plot also represents a dose-response curve ( Figure 3A) .
In contrast, a model with inputs that scale to the dose of training showed a clear decrease in efficiency with additional hours of training ( Figure 3B ). Each hour of training in the 60-hour dose group is about two times less effective in increasing the MAL than an hour in the 15-hour dose. Similarly, there is a strong decrease in the efficiency of weeks of training: the first week has greater efficiency than the second, itself greater than the third week ( Figure 3C ). The third week is more than five times less efficient than the first.
Such decreases in efficiency are consistent with the well-known power law of motor learning, where each additional unit of practice yields a smaller gain.
Across doses, retention following training resembles exponential-like decay ( Figure 3D ), because it is initially fast in the two first month following training before tapering back near baseline in the next 4 months. Such decay-like forgetting is seen in motor adaptation, which is defined as the ability to gradually modify motor commands in order to compensate for changes in our body and in the environment 33 .
Contrary to our hypothesized effect of increasing dose on retention, we found that large doses increase decay in the six months post-training ( Figure 3E ). Because of this dose- However, our results suggest that spontaneous arm use post-training modulated retention.
We previously postulated the existence of a threshold in which arm and hand use in daily activities acts as "self-training" and reinforces performance, which then further reinforces use in a virtuous cycle 13, 15, 17 . In line with this previous study, we showed that retention is positively modulated by the average MAL post-training ( Figure 3F ). Across doses, the threshold for MAL is ~3.4. Thus, if MAL post-training is relatively high, then the MAL will keep increasing following training. Such an effect is more pronounced in the low dose groups, as can be seen in Figure 2B for a number of participants, because in these groups, the negative effects of dose on retention is less strong.
Finally, as noted the 0 hour group shows significant increase in the MAL during and post-training. In addition to the MAL, each assessment consisted of arm reaching tests comprised with approximately 200 movements with the more affected arm 11 , in addition to the WMFT test (in which subjects perform goal-directed arm and hand movements).
Thus, theassessments may have resulted in motor training. It is therefore possible that self-training was complemented by a certain amount of "forced" training during the 6 assessments in the follow-up phase.
Limitations
There are two primary limitations with our study. First, because of the relatively small number of participants, the groups are not well balanced for initial level of MAL. In particular, because the initial MAL is larger in the 30 hour dose group, participants in this group appeared to have benefited less from training. This affected the dose-dependent results for this group (see Figure 3A ). For instance re-running the linear dose efficacy Model 1.1 without the 4 participants with MALinit > 3.5 (3 participants in the 30 hour group and 1 participant in the 15 hour group) improved the significance of the slope from p = 0.032 to p = 0.019. Thus, greater number of participants are needed. However, given the extreme difficulty of collecting a large number of repeated measures with clinical tools in the laboratory (in this study, participants were required to make a total of 26 visits each), wearable sensors that can measure arm and hand use, such as accelerometers 35 or the manumeter 36 , should be considered in future work.
Second, and related, it may be argued that our number of participants was too small to test six hypotheses with sufficient power. However, we believe that our results are valid because: 1) our analyses were pre-planned based on hypotheses derived from previous research, 2) all our results, except for the unexpected dose-dependent decay, matched our hypotheses, 3) we reproduced two previous results obtained with different methods (the dose response relationship 9 and the post-training arm use threshold 17 , 4) the six related continuous models contained a maximum of 7 fixed effect parameters estimated from a total of 559 data points for 41 participants (15 data points were missing overall), and finally 5) the power of mixed effect models increases both with number of subjects (41 here) and number of repeated measures (14 here) for each subject 37 . movements. We previously showed that most gains in reaching movements were achieved with approximately 300 movements 41 . This can be contrasted to the amount of training given in a single therapy session in clinical practice (32 movements on average per session 42 ), which is probably insufficient to have a large effect on arm and hand use.
Conclusions: implications for clinical practice
Delivering such large number of training movements will probably be well suited via technological devices that train the movements, such as the BART system 30 .
Third, our results suggest a personalized dosage duration of therapy based on arm and hand use measurements: We showed that, on average, for individuals with MAL above threshold of approximately 3.4 post-training, motor therapy could be stopped, as selftraining in daily activities will continue to increase arm use. Thus, perhaps all these above-threshold individuals need is a self-guided home program or a customized transfer package. For individuals with MAL below this threshold, decay in arm use follows therapy, on average. Thus, for these individuals, our results suggest that there is a need for a program to build confidence in arm use and develop strategies for overcoming barriers to arm use at home, so that they can more effectively engage in self-training. 
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Modeling the dynamics of recovery during and after rehabilitation
Mixed effects dynamical model to model the change in MAL during and outside therapy
Here, we developed dynamical models to account for the time course of the changes in the MAL in response to discrete bouts of training with different doses. In addition, mixed effects models were added to account for the high between-individual variability in lesion, impairment, and responsiveness to therapy. In a previous reach training study with participants with chronic stroke (Park and Schweighofer, 2017), we used non-linear mixed effects models to dissociate improvement in performance due to learning from highly variable decrease in performance presumably due to fatigue. Dynamical models with mixed effects have been used widely to model the action of medicines as part of the clinical trial drug development process (Sheiner and Beal, 1981) .
Our models are based on simple first order linear equations with a time step of 1 week, which corresponds to the duration of each bout of training. Let x(t) be the MAL at time t, with t in increments of days, with input u(t). We developed two main classes of models. In models aimed at testing the efficacy of training, u(t) represents the timing of training ( Figure 1A) . In models aimed at testing the efficiency as a function of dose for instance, u(t) represents both the dose and timing of training ( Figure 1B) . In both cases, u(t) = 0, before, between, and after training , we further assumed that forgetting was smaller than learning during training. Thus, the simplest first order dynamical model of the changes in MAL for a single subject is given by:
where‫ݒ‬ሺ‫ݐ‬ሻ
represent constant "learning" and "retention" rates, respectively.
We did not constrain b or c to be positive or negative, although we expected b to be positive as we previously showed a positive relationship between dose and changes in MAL .
Given the definition of u(t) and v(t), the solution to Eqn. (1) during the intervention periods as shown in Figure 1A . 
Modeling decay post-training
To study the effects of training on retention, we develop two additional models. In the first model, we tested whether the MAL returned to its initial baseline or was maintained following training. For this, we sliced the 6 months post-training in three equal slices of 2 months, and defined three post-training decay parameters for each 2 months period. For each, we assume a dose relationship such that:
In the second model, we test the hypothesis that decay in the six months post-training is due to both dose and the average MAL in the six months post-training. For this, we model
Model fitting
Model fits were performed using the nlme() function in R, which uses maximum likelihood to estimation (Pinheiro et al., 2017) . For categorical models, the 0 dose group was used as the reference group, such that the group effects for the other three dose groups are represented with respect to the 0 group. For these models, the R function intervals() was used to construct the standard errors for the fixed parameters (in Supplementary Tables Figure 1B) . Note that the addition of a non-zero dose for the control group allows defining a learning rate parameter for this group, and therefore allows us to compare learning rate in other groups to this reference group. x0.iniMAL 0.935 *** 0.935 *** (0.049) (0.049) p = 0.000 p = 0.000 b0 0.029 *** (0.003) p = 0.000 bt -0.013 *** (0.003) p = 0.00000 b1 0.031 *** (0.004) p = 0.000 b2 0.012 ** (0.004) p = 0.005 b3 0.006 (0.004) p = 0.153 (0.094) p = 0.048 p = 0.050 x0.iniMAL 0.954 *** 0.955 *** (0.037) (0.037) p = 0.000 p = 0.000 b.(Intercept) 0.065 0.065 (0.058) (0.058) p = 0.258 p = 0.260 b.dose_cont 0.014 ** 0.014 ** (0.004) (0.004) p = 0.002 p = 0.002 c.(Intercept) 0.008 0.009 (0.005) (0.005) p = 0.076 p = 0.088 c.dose_cont -0.001 ** (0.0004) p = 0.010 c.dose_cat15 -0.007 (0.006) p = 0.281 c.dose_cat30 -0.015 * (0.007) p = 0.023 c.dose_cat60 -0.019 * (0.007) p = 0.012 
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